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S. García-Galán, R.P. Prado, J.E. Munoz Expósito the aim of achieving a common goal. Nowadays, science is based on large-scale numeric simulations and data analysis and collaborative environments able to integrate theoretical and experimental efforts that are made by individual entities are sought [2] . Grid computing has an important role in diverse science areas such as e-Science, bioinformatics, meteorology, medicine and physic [3] . Thus, in the recent past, many of the involved tasks in meteorology [4] (i.e., integration of numerical prediction models, maintenance of data bases) were exclusive of some main meteorological centers which had the necessary computing resources such as supercomputers or high capabilities computing farms. Currently, the reduction in the cost of technology has made it possible for smaller institutions to face heavy simulations. Nevertheless, resources are limited and the capability of these resources remains insufficient for the huge demand of relevant applications.
An example can be found in bio-informatics [5] . One of the main advances in life science is the study of sequence of the human genome that led to other experimental technologies in the so-called as "Post-genome" era.
In this context, new works try to analyze whole organisms instead of genes or isolated entities, with the following computational cost. This way, areas such as genomics, proteomics or transcriptomics let now a complete study of the processes that encode life. However, they require the utilization of highly efficient computing infrastructures to accelerate advances and grid computing has emerged as a competent platform. In addition, grid computing has given birth to new business models such as utility grids, where computational capability is regarded as a basic need that users demand as a service as in power supply, or philanthropic computation, where free CPU time is donated to cooperate in the achievement of a common cause such as the study of cerebral diseases [6] .
One of the main problems in grid computing consists of making a reliable, secure and efficient use of the available resources [7] . Resources in a grid can vary dynamically due to network and links failures, incorporation and unavailability of resources. In addition, resources are owned by diverse administrative domains presenting local access and security policies which can change over time. Therefore, the efficient coordination and cooperation of these resources is considered decisive to fully harness the grids potential. Specifically, in this context, a major issue is given by the distribution of users' jobs to resources or scheduling problem in an environment made up of diverse resources that can unpredictably join or leave the system and where jobs' computational demands are unknown a priori [8, 9] . Moreover, the possibility of providing QoS arises as a hard problem in grid scheduling since offering QoS is related to scheduling according to the system state [10] . However, as discussed by Xhafa et al. [11] , a grid is a fully dynamic environment with uncertainties, i.e., the grid state changes dynamically and little previ- is a major challenge to benefit from the whole potential of grid systems.
Nowadays, existing scheduling strategies present improbable characteristics to deal with the great dynamism of the grid. Hence, strategies able to efficiently cope and hand imprecision of available state information are demanded [10] . In this context, imprecision-tolerant strategies such as fuzzy logic (FL), neural networks (NNs) and evolutionary computation (EC) are increasing attracting the grid scheduling community attention [12] . The key point is that these strategies, in contrast to precise, 
Dealing with uncertainty in grid scheduling
Recent grid scheduling strategies incorporate a diverse set of computing techniques including partners such as FL, EC, NNs and probabilistic reasoning (PR) [18, 19, 20, 21] .
These techniques are classified within soft-computing techniques and they are distinguished from other so-called hard-computing strategies which are considered less flexible and computationally demanding. One of the main aspects that led to the adoption of these methods is related to the fact that the computational effort demanded by traditional computing techniques can make the problem unmanageable. Furthermore, this effort can be regarded as needless in many applications where accuracy can be omitted to achieve more economical, less complex and more tractable solutions. Vagueness is a consequence of our restricted capability to solve detail and it integrates the concept of imprecise, incomplete or noisy information about a given system in the real world. Thereby, the main idea behind these strategies is that it is very difficult or even impossible to deal with problems with traditional hard computing techniques when the information of the systems needed is not available, completely characterized or in case the metrics are inherently imprecise or noisy.
When dealing with information subject to uncertainty or imprecision, the role of FL has to be underlined [22] .
FL is essentially based on the fundamental that the human reasoning is naturally approximate and it proposes a methodology for the description of this uncertain knowledge in situations where some levels of imprecision must be allowed. Zhou et al. [23] resorted to FL strategies in order to develop an adaptive FL scheduling system using the FL control technology to find the most appropriated computing resource in the grid. Also, a Fuzzy Neural Network (FNN) was presented by Yu et al. [24] to design a highperformance scheduling strategy. The strategy applies FL to test the grid system information related to load, to next consider the NNs to tune the fuzzy sets in automatic way.
Hao et al. [25] proposed a grid resource selection method founded on NNs in order to provide QoS. With this aim, the selection of grid resources is constrained by QoS criterions and it is entailed using NNs. Further, Liu et al. [26] suggested a novel approach derived from the optimization FRBSs is related to their ability to cope with noisy or uncertain information presented in highly dynamic systems.
These strategies are analyzed in the next section.
3 Scheduling in grid computing with fuzzy rule-based systems [14, 15, 16, 17] whereas other allow the selection of a scheduling strategy depending on the grid condition [13, 27] . Next, the more representative guidelines of these strategies are introduced. First, the utilization of FRBSs to select the most suitable scheduling strategy according to the grid state is presented. Second, scheduling with FRBSs and associated knowledge acquisition strategies are studied.
Selecting scheduling strategies with fuzzy rule-based systems
Franke et al. [13, 27] propose a FRBS that classifies all the possible scheduling states and assigns the more suitable classic scheduling strategy to that state. The scheduling strategy considers two differentiated stages. Firstly, in the initial stage, the scheduler reorganizes the jobs' queue according to the specified sorting criterion. This sorting criterion is selected considering the actual state of resources and the knowledge base related to queue reordering. Next, the strategy uses this sorted queue to schedule jobs to the participating resources on the basis of the state of the grid.
In this second stage, the knowledge base allows the selection of one of well known scheduling strategies such as FCFS.
It is to be noted that this strategy takes into account a fuzzy characterization of the grid state to obtain a good selection of the sorting criteria and scheduling strategy.
However, it does not propose a scheduling strategy designed with FRBSs. In the next section, fuzzy rule-based scheduling systems are presented.
Scheduling with fuzzy rule-based systems
Fuzzy rule-based schedulers are founded on the fuzzy characterization of the grid state and the application of expert knowledge to this fuzzy state. At every scheduling step, the fuzzy system collects the state information from every participating site or RD in the terms of diverse variables and it updates their associated known state for the scheduler [14, 15, 16, 17] . To be precise, a RD state is given by a limited set of variables that present certain levels of uncertainty and vagueness as corresponds to the high dynamism of the grid [11] . Therefore, once the system information has been retrieved, the scheduler starts the procedure of translating every RD state into a fuzzy metric. Next, from this fuzzy characterization, the scheduler infers a performance index that represents the suitability of the site to be selected in the schedule by the application of the expert system knowledge in the form of IF-THEN rules. This process is repeated for every site and that RD presenting the higher performance index is the target in the schedule. Fig. 1 shows the structure of a fuzzy rule-based scheduling system. 
Fig. 1: Fuzzy rule-Based Scheduling system
As stated before, the scheduling strategy is founded on the knowledge of the grid system, which is given in the form of IF-THEN fuzzy rules. Accordingly to the classical Mamdani model [12] , the structure of the rules is defined as
where a j indicates the component j of the antecedent, b denotes the consequent, and/or represents the possible connectives for the antecedents for rule i. Also, A jk is the set k of the l possible fuzzy sets allowed for the component j of the antecedent and Bz represents the set z of the t possible fuzzy sets for the consequent. Fig. 2 illustrates the general encoding of a fuzzy rule in these schedulers. As shown, a rule is encoded regarding three different parts: the antecedent, the consequent and the connective of the antecedent component. The antecedent part consists of n terms for the n involved input variables of the system. Thus, the location of a fuzzy set in the rule 
Conclusions
A major issue in the grid scheduling problem is related to the high dynamism and uncertainty of these systems.
The consideration of the grid state is critical to achieve a scheduling strategy able to avoid or even prevent the de- Also, since the learning of these systems is critical for their efficient performance, the main knowledge acquisition approaches have been introduced in this work.
